eTable. Numbers of Missing for Each Covariate

eAppendix. Further Information Regarding Missing Data
We imputed for missing data because a complete case analytical approach can lead to biased results if the data are not missing completely at random (White et al 2011). For example, in this study the missing data is likely to follow a systematic pattern relevant to our hypothesis. Those mothers who are depressed are more likely to fail to complete surveys. However, we can correct for this bias by using available data to predict the values of those with missing data in ALSPAC -G0 covariate data, and we are confident in our ability to build an adequate imputation model for these missing data due to the wealth of auxiliary measures that can be employed for this purpose. For example, given that there is substantial information on socio-demographic variables in ALSPAC that predict missingness, missing information can be assumed dependent on observed data (missing at random assumption). We employed a fully conditional specification as implemented in the MI chained algorithm in STATA 13 using all variables described in the analyses and additional socio-demographic indicators of missingness (list available on request) to predict missing data across 100 imputed datasets. Monte Carlo errors were less than 10% of the standard error and FMI values were no larger than 0.8 (White 2011). The imputation method is based on regression equations to predict the missing variable. Therefore, the unique associations between each imputed variable and the predictor variables are used and every imputed variable is imputed using a unique set of regression equations. We imputed up to a sample with at least one measure of maternal depression in pregnancy of n= 2565, the extent of missing by individual co-variates is described in the eTable. 
